Over the last ten years millions of gigabytes of MODIS (Moderate Resolution Imaging Spectroradiometer) data have been generated which is forcing the remote sensing users community to a new paradigm in data processing for image analysis and visualization of these time series. In this context this paper aims to present the development of a tool to integrate the 10 years time series of MODIS images into a virtual globe to support LULC change studies. Initially the development of a tool for instantaneous visualization of remote sensing time series within the concept of a virtual laboratory framework is described. The virtual laboratory is composed by a data set with more than 500 million EVI2 (Enhanced Vegetation Index 2) time series derived from MODIS 16-day composite data. The EVI2 time series were filtered with sensor ancillary data and Daubechies (Db8) orthogonal Discrete Wavelets Transform. Then EVI2 time series were integrated into the virtual globe using Google Maps and Google Visualization Application Programming Interface functionalities. The Land Use Land Cover changes for forestry and agricultural applications are presented using the proposed time series visualization tool. The tool demonstrated to be useful for rapid LULC change analysis, at the pixel level, over large regions. Next steps are to further develop the Virtual Laboratory of Remote Sensing Time Series Framework by extending this work for other geographical regions, incorporating new computational algorithms, testing data from other sensors and updating the MODIS time series.
INTRODUCTION
Over the last few decades, multi-temporal images of Earth observation satellites have turned into a paramount source of information for monitoring the planet Earth, particularly to study the land use and land cover changes (LULC) [1] . Such studies are gaining more attention not only by scientists but also by policy makers and media, since terrestrial ecosystems exert major influence on climate change and climate variability [2] .
Remote sensing sensors such as: the AVHRR (Advanced Very High Resolution Radiometer) on board of the NOAA (National Oceanic and Atmospheric Administration) satellites; the Vegetation on board of the SPOT (Satellite Pour l'Observation de la Terre) satellites; and the MODIS (Moderate Resolution Imaging Spectroradiometer) on board of the Terra (EOS-AM1) and Aqua (EOS-PM1) satellites have been responsible for the construction of long term time series dataset. All these sensors acquire images on an almost daily basis which is an important characteristic for optical sensors designed to observe LULC changes. For the MODIS sensor a significant advancement was achieved by improving both spatial and spectral resolutions. Furthermore, an international consortium of scientists has focused on providing validated MODIS data with high radiometric and geometric quality, since the launch of the Terra satellite [3] . Over the last ten years millions of gigabytes of MODIS data have been generated which is forcing the remote sensing users community to a new paradigm in data processing for image analysis and visualization of these long term time series.
On the other hand the development of geobrowser tools, based on virtual globes, has provided free access to high spatial resolution images and geographical maps derived from remote sensing satellites. The development of these virtual globes allowed researchers and general public to visualize geospatial data, to understand multi-scale geography, to process data and to publish information [4, 5, 6] . The visualization of long term remote sensing data sets for scientific purposes has great potential for better understanding the complex space-time dynamics of terrestrial ecosystems. This tool is useful for scientists to understand more efficiently the different phenomena embedded in a large volume of data [7] . However, the pre-processing and extraction of information from these data sets require specific software and advanced technical knowledge to put them available to the end-users in a friendly and accessible way. The integration of time series for studies on LULC changes using virtual globes such as Google Maps (http://maps.google.com/) Google Earth (http://earth.google.com/) and Microsoft Virtual Earth (http://www.microsoft.com/maps/) are not yet easily accessible to users due to constraints in data storage and the lack of a specific computational architecture for integration and visualization of this time-series. In this context, this paper aims to present the development of a tool to integrate the 10 years time series of MODIS images into a virtual globe to support LULC change studies.
THE VIRTUAL LABORATORY OF REMOTE SENSING TIME SERIES
The macro framework of the Virtual Laboratory of Remote Sensing Time Series is divided into five components that are presented in Figure 1 . The Data set component includes the hardware and software structures to storage the remote sensing time series data. The Dataset manager establishes the connections among all the laboratory components. The Algorithm module and the Analysis module provide the basis for the time series analysis and visualization. The Visualization module establishes the interface between the laboratory and the end-user using virtual globe facilities. The Visualization module is the main purpose of the present work and is described using the 10 years of MODIS time series data set.
Modis data set
The present work was developed for the South America continent that comprises about 18 million km 2 , representing 12% of the Earth land surface. The region is characterized by different biomes such as tropical and seasonal forest, caatinga forest, grassland, savanna and others (Global Change Biology South America map [8] ). The MODIS images were acquired at the portal Warehouse Inventory Search Tool WIST NASA (https://wist.echo.nasa.gov). Figure 2 . A total of 6,293 tiles were acquired corresponding to 3.5 TB of raw data. The images are in sinusoidal projection (WGS84 datum). All bands were reprojected to the geographic coordinate system with the same datum and converted from HDF (Hierarchical Data Format) to GeoTIFF format to ensure data portability among software. The total storage capacity is approximately 295 GB for each time series per spectral band. The vegetation index chosen for the present study is the EVI2 (Enhanced Vegetation Index 2; [9] ) which highlights the land cover variations. It is computed using the surface reflectance of the Red and NIR (near infrared) bands available in the MOD13Q1 product (Equation 1):
In addition, the view zenith angle band and the blue band (surface reflectance) were used to pre-filter the MODIS time series as explained in the next section.
Filtering Procedures
Optical remote sensing data are frequently affected by cloud cover and sensor noise that interfere in the ability to characterize spatial-temporal land cover dynamics. In order to construct a continuous and consistent time series it is necessary to filter the data. The filtering procedures were performed in two steps generating two EVI2 time series: 1) without wavelet transform; and 2) with wavelet transform. The first filtering procedure applied rules that were designed following the methodologies proposed by [10, 11] in which data were eliminated from the original time series if the reflectance in the blue band is greater than 10% or if the sensor view zenith angle is greater than 32.5 • . These threshold procedures eliminate clouds contaminated and off-nadir pixels. The filtered data were then linear interpolated based on the date of the pixel of the image composition to provide equally spaced time series.
Further filtering was applies in the second filtering procedure using the wavelet transform following the methodology proposed by [12] . The signal decomposition by wavelets eliminates the high frequencies typically associated with the presence of noise. The wavelet transform is given by [13, 14] :
where a is the scale parameter, b is the translation parameter, f (t) is the function to be transformed and ψ * is the mother wavelet function complex conjugate. The function (Equations 2 and 3) is not continuous; therefore, it needs to be discretized by using discrete values of (a, b) = (2 m , 2 n , k), where m, n and k are integer values and limited by the length of the time series. This allows the expansion of the mother wavelet to other scales. The Discrete Wavelet Transform (DWT) decomposes a discrete signal at different resolution levels. A DWT, defined in Equation 4 , is a mapping function of a discrete digital signal into a sequence of coefficients
where ψ is the mother wavelet and the scaling parameters a and b are translation functions of the integer parameter m in which a = a m 0 , b = nb 0 a m 0 and k is an integer variable that refers to the number of samples of a given input signal (x) that depends on the signal length. The parameters a and b allow expanding the mother wavelet into several daughter wavelets.
The implementation of the discrete function (Equations 5, 6 and 7) is performed through recursive algorithms of low pass and high pass frequency filters known as pyramid algorithm [15] . For each decomposed signal in the j th scale signal there is a ratio coefficient of details (D) given by high-pass filters, and approximations (A) given by low-pass filters associated with the mother wavelet,
where W m,k are the wavelets coefficients, ϕ m,k is a scaled and translated basis function called scaling function and V m,k are the scaling coefficients. The Daubechies wavelet Db8 was used as mother function (Fig. 3) . This function is orthogonal ensuring that the decomposed signal is reconstructed without the presence of residues due to asymmetries of the wavelet mother function. In this procedure, each set of pixels corresponds to a time series profile of the stacked images. The vector t was broken into 8 different scales and the time series was reconstructed using the five largest scales corresponding to lower frequencies. The higher frequencies were eliminated because they are usually associated with the presence of sensor noise and spectral responses contaminated by clouds and shadows.
The names given to the two EVI2 time series generated by the filtering procedures were: 1) without wavelet , and 2) with wavelet .
Data Integration and the Web Tool
The generated Data set (Fig. 1) is composed by over 500 million EVI2 time series filtered with and without wavelet transform for the entire South America continent. In order to construct this data set a significant computational effort was carried out involving more than 60 days of processing time using three personal computers (PC) with Linux OS. All computational procedures used Matlab and Ansi C platforms.
The EVI2 time series were integrated into the virtual globe (GoogleMaps) using the Dataset manager (Fig. 1 ) that was specifically developed for this purpose. To visualize the EVI2 time series in the virtual globe a website was built, which is available at http://www.dsr.inpe.br/laf/series.html, based on JavaScript and PHP platforms using Google Maps and Google Visualization Application Programming Interface functionalities. For each call of a geographic coordinate from the virtual globe the two EVI2 time series are instantaneously recovered. The information of the time series recovered by the call refers to one MODIS pixel. The integration with the virtual globe shows static geographical space using high spatial resolution satellite images provided by Google Maps server (Fig. 4a) . However, caution should be taken for analyzing these time series due to the different spatial resolution of the images. Each MODIS pixel represents roughly an area of 6.25 ha (250 × 250 m) while the high spatial resolution image provided by Google Maps is only used to locate the MODIS pixel. In addition, a tool was build to assess the elevation anisotropy around the selected point (red balloon). This tool uses the elevation model information available in the Google maps API. The anisotropy visualization is a simple polar plot of elevation around two sample circles, allowing a rapid view of the topography around the selected point (Fig. 4c) . This tool allows interactivity and provides a range of distance between the center of the selected coordinate and the sampled circles. Figure 4d shows the 10 years EVI2 time series using interactive plot provided by Google charts API functionalities. The red and blue lines represent the time series filtered with wavelet and without wavelet , respectively.
APPLICATIONS
The intense anthropogenic pressure forces the LULC change processes in South America by converting natural forest and savanna areas to pasture and agriculture. At sub-tropical region there is the intensification of agriculture related to food and biofuels production [16, 17] . In this context some application examples are provided using the visualization module described in the present work for LULC change analysis. It is also interesting to note that the two differently filtered EVI2 time series generated similar curves for the selected plots of Figures 5c and 6c. A smoother curve is observed for the EVI2 with wavelet (red curve), and but no significant difference is observed for the without wavelet (blue curve) in terms of LULC change analysis. On the other hand the smoothed filtered EVI2 time series can be used in the data mining and other classification procedures when the high frequency signal is not interesting. The above description indicated that with a minimum of technical knowledge about sugarcane agricultural practices it is possible to the analyst recovering the 10 years history of specific plots and fields. This can be of great interest to certifiers that need to know the LULC change history. Figure 8 shows an agricultural region at the frontier of the savanna located in western Bahia state, Brazil. The region was originally covered by savanna and has been gradually converted to intense agricultural land use. This region is characterized by large soybeans, corn, cotton and coffee plantations. Three time series over typical plots can be observed in Figures 8c, 8d and 8e. Figure 8c shows the typical behavior of a savanna with relative low values EVI2 and small amplitudes. Figure 8d presents the curve of a savanna area which was converted to agriculture during the 2007/2008 crop season. Figure 8e shows the conversion of savanna to agriculture after 2002.
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GENERAL REMARKS AND FUTURE WORKS
This work presented a visualization module for the virtual laboratory using the ten years history of MODIS EVI2 time series for the entire South America continent. The visualization module demonstrated to be useful for rapid land use and land cover change analysis, at the pixel level, over large regions. The smoothed filtered EVI2 time series using wavelet transformation could be used for checking dates of land use change such as date of deforestation, planting date of agricultural crops, seasonal effect on pasture land and others. Regarding to the integration with virtual globes such as Googlemaps, this work showed an innovation because it allows the public access and instantaneous visualization. This work can be extended for any geographical region since MODIS data are available for the entire globe.
Future works will be focused on providing quality parameters associated with each time-series, through an under-development validation procedure. Due to the area coverage, a near-real time open access techniques will be evaluated for allowing land cover types to be detected by any analyst with a GPS. Table 1 describes the main algorithms and tools for data analysis to be implemented in future virtual laboratory versions. A user friendely interface will be implemented to connect the Algorithm module and the Analysis module facilities with virtual laboratory users.
Next versions of the Virtual Laboratory of Remote Sensing Time Series can be implemented with other data sets such as temperature, rainfall, fraction components of linear mixture model and 
Algorithms and Analysis Tools Applications
Time-Frequency Analysis Tools (Fourier, Wavelets, Chiplets transforms) [18, 19, 20] Understand time series variability based on spectral and temporal analysis tools Gradiente Pattern Analysis [21, 22, 23] Non linear advanced time series analysis based on symmetric and structural concepts Detrended Fluctuation Analysis [24, 25] Non-linear advanced time series analysis based on scale invariance concepts Cluster Analysis Tools [26, 27] Dataset analysis and classifications Support Vector Machines and Decision Tree Classifiers [28, 29, 30] Temporal analysis and Land Use and Land Cover Change classifications GIS file formats integration tools [31, 32] Supplementary analysis Statistical regions analysis tools [33] Regional and local focus analysis Dataset subset and download facilities Peopleware and users facilities Metafile and Metadata usage [33] Ancillary data for image interpretation and Land Use and Land Cover Analysis Seasonality tools [18] Compute the pos-processing products such as: annual, monthly, regional anomalies and phenology cycles. vegetation indices. The concept, protocols, hardware support and other software engineering specifications have been carried out to make the instantaneous visualization and analysis of time series a reality for remote sensing and general GIS users community.
